Small unmanned aircraft systems (UAS) have proven useful for very high-resolution 33 (<10 cm/pixel) aerial surveys of areas and habitats that are challenging to access or navigate at 34 ground level, notably wetland (Madden et al. 2015) , riverine (Birdsong et al. 2015) and aquatic 35 environments in general (Husson et al. 2014; DeBell et al. 2016; Turner et al. 2016) . Moreover, 36 efforts have been invested in developing approaches to automate habitat, vegetation or land 37 cover classification in the uniquely high-resolution imagery collected by UAS, including several 38 studies focused on wetland and aquatic vegetation (Goktogan et al. 2010; Zaman et al. 2011; 39 Lechner et al. 2012; Chabot and Bird 2013; Kalacska et al. 2013; Knoth et al. 2013; Flynn and 40 Chapra 2014; Casado et al. 2015; Zweig et al. 2015) . It has been noted that the fine-scale spectral 41 heterogeneity resulting from the very high resolution of UAS imagery tends to make it 42 challenging to classify using traditional pixel-based spectral classification methods, andD r a f t consequently object-based image analysis (OBIA) has been advocated as a more effective 44 approach to classification (Whitehead and Hugenholtz 2014) . 45
The aim of this trial study was to evaluate the effectiveness of UAS-based monitoring of 46 water soldier encroachment on the Trent-Severn Waterway, and specifically the capacity to 47 automate detection and mapping of emergent and submerged colonies in UAS imagery using 48 OBIA classification methods. A further purpose of this note is to provide an example of a "real-49
world" application of a UAS for environmental monitoring and the results thereof, characterized 50 by time constraints, suboptimal weather conditions during data collection, and an overall 51 prioritization of efficiency over thoroughness. 52
53

Materials and methods
54
Study area 55
The trial focused on a ~50-ha shallow-water (mostly <1 m) bay (44.377˚N, 77.828˚W) in 56 the Trent River (Fig. 1) . Native aquatic vegetation occurring in the bay includes tapegrasses 57 (Hydrocharitaceae family), water/pond lilies (Nymphaeaceae family), slender naiad (Najas 58 flexilis), floating-leaf pondweed (Potamogeton natans), water crowfoot (Ranunculus family), 59
coontail (Ceratophyllum demersum), stoneworts (Characeae family), and bulrush (Scirpus spp.). 60
The bay and surrounding water bodies have been the focus of experimental water soldier control 61 treatments, and a coarse-scale map of water soldier distribution in the general area was produced 62 in 2015 ( 
Results
115
The overall highest accuracy was achieved in the RF classification based on 65 training 116 samples, and a side-by-side comparison of this classified image of the study area to a composite 117 image of the raw RGB and NIR bands is shown in Fig. 2 . The overall accuracy (73.50%) and 118 kappa value (55.23%) of the 65-training-sample classification (Table 1) were marginally higher 119 than those of the 130-training-sample classification (OA = 69.50%, kappa = 47.15%) ( Table 2) . 120
According to Sim and Wright (2005) The fact that the 130-training-sample classification did not outperform the 65-training-173 sample classification seems to suggest that only a modest number of training samples may be 174 required to achieve an optimal RF classification, so long as they collectively capture a sufficient 175 amount of intra-and inter-class variation. However, more rigorous testing is required to 176 substantiate this conclusion, for example repeatedly running the RF algorithm on different 177 randomly selected subsets of training samples, and experimenting with different numbers of trees 178 and/or depths in the algorithm parameters. Due to the expeditious nature of this trial, expanded 179 testing of this sort was beyond the scope of our objectives. 
